Objective: Automatic vascular enhancement in X-ray cineangiography is of crucial interest, for instance, for better visualizing and quantifying coronary arteries in diagnostic and interventional procedures. Methods: A novel patch-based adaptive background subtraction method (PABSM) is proposed automatically enhancing vessels in coronary X-ray cineangiography. First, pixels in the cineangiogram are described by the vesselness and Gabor features. Second, a classifier is utilized to separate the cineangiogram into the rough vascular and non-vascular region. Dilation is applied to the classified binary image to include more vascular region. Third, a patch-based background synthesis is utilized to fill the removed vascular region. Results: A database containing 320 cineangiograms of 175 patients was collected, and then an interventional cardiologist annotated all vascular structures. The performance of PABSM is compared with six state-of-the-art vascular enhancement methods regarding the precision-recall curve and C-value. The area under the precision-recall curve is 0.7133, and the C-value is 0.9659. Conclusion: PABSM can automatically enhance the coronary artery in the cineangiograms. It preserves the integrity of vascular topological structures, particularly in complex vascular regions, and removes noise caused by the non-uniform gray-level distribution in the cineangiogram. Significance: PABSM can avoid the motion artifacts and it eases the subsequent vascular segmentation, which is crucial for the diagnosis and interventional procedures of coronary artery diseases.
I. INTRODUCTION
C ORONARY artery disease (CAD) is a major threat to human health and is also one of the leading causes of death worldwide [1] . Due to the high spatial and temporal resolution, X-ray cineangiography remains the gold standard for diagnostic and interventional procedures of CAD [2] . However, owing to the projective nature of X-ray cineangiography [3] , overlapping anatomical structures and intersecting vascular segments hamper precise measurement of vascular parameters. To date, numerous methods have been proposed to improve the accuracy of vascular segmentation [4] , which are critical for quantifying vascular abnormality or choosing optimal treatment. Nevertheless, these techniques still lack robustness and accuracy to deal with image artifacts, complex vascular anatomy, non-uniform contrast filling, and confounding neighboring anatomy. In addition, the rapid washing out of contrast agent, heart motion, respiratory movement, and camera motion all may also considerably decrease the quality of cineangiograms and make vascular segmentation challenging. By removing undesired intensity variation and suppressing non-vascular structures and noise, vascular enhancement of cineangiograms can significantly ease subsequent vascular segmentation [5] , [6] . This is the main goal of this work.
Hence, this paper proposes a novel patch-based adaptive background subtraction method (PABSM) to enhance the coronary artery from single live cineangiograms. Our approach addresses problems of previous approaches that process live cineangiograms (i.e., do not enhance background noise) yet also overcome limitations subtraction-based techniques (i.e., motion correction and mask frame selection). Vesselness and Gabor features are firstly calculated to describe center pixels at image patches. Probabilistic boosting tree is introduced to recognize vascular structures in the cineangiogram. After dilating the recognized vascular region and removing it from the cineangiograms, a virtual background is adaptively synthesized based on the intensity and edge information of the pixels in the remaining regions. We subtract the background from the coronary cineangiograms, and then enhance vascular structures by linear mapping of the gray values in the subtracted images.
The contributions of this paper are twofold: 1) We propose a new background synthesis method by combining the intensity and edge information. It is optimized within a neighbor region, which can ensure the continuity of gray values in the weak texture region, improve the continuity of edges in the ribs and diaphragm and the time efficiency. 2) We rigorously validate the proposed method quantitatively using phantom data from XCAT and 30 clinical cineangiograms from 30 different patients. The results show that our proposed method can effectively avoid the motion artifacts, ribs, diaphragm and other non-vascular structures and also preserve the integrity of vascular topological structures.
II. RELATED WORK
For angiographic imaging technology, images obtained during and prior to passage of contrast agent are referred to as live and mask cineangiograms, respectively. Differential operators directly applied to live cineangiograms are most extensively used in vascular enhancement: first derivatives are utilized to extract vascular edges, whereas second derivatives are utilized to describe their local curvature or shape. The structure tensor [7] - [9] , Weingarten matrix [10] , and Hessian matrix [11] - [13] are all widely applied to enhance blob, tubular, and plane-line structures. In the most famous vesselness based method [11] , the authors convolved the input image with the derivatives of a Gaussian kernel at multiple spatial scales, and then compute and analyze the Hessian matrix response at each pixel to distinguish tubular structures from blob-like structures. However, due to the suppression of junctions, the vessel network usually shows undesirable discontinuities. Subsequently, Jerman et al. [14] proposed the enhancement of vessels using the multi-scale ratio of the Hessian eigenvalues. In this method, the multi-scale response of the filter can yield a close-to-uniform response in all scales of vascular structures.
However, as contrast agent induces non-uniform intensity in the cineangiograms, the method should also be adaptive to different blurring effects of the boundary and different levels of the image noise. Qian et al. [15] directly enhanced the vasculature by extracting all pixels that satisfy the statistical characteristics of local intensity profile. Though the method enables the detection of vessels near the complex extreme structures, the enhanced result still considerably depends on the image intensity. Lathen et al. [16] proposed the local phase-based filter, where the local phase information is extracted using the quadrature filters. This method can effectively enhance vessels with different widths and preserve the sharpness of the vessel boundaries.
The previous methods process individual live cineangiograms and, consequently, will inevitably enhance both vascular contrast and background noise. Subtraction based background removal methods [17] - [19] are more attractive as they combine information from both live and mask cineangiograms to achieve selective vessel enhancement. Feature-based methods have been extensively studied for background subtraction, where the matched patches between the live and mask cineangiograms can be computed by a similarity metric-based template matching [20] . Vascular enhancement is achieved by subtracting the deformed mask image from the live image. The methods usually cannot remove the skeleton structures and the diaphragm. To further reduce the false matched points, Zhu et al. [21] , [22] built a classifier using Haar features to coarsely separate the live cineangiogram into vessel and non-vessel regions. They obtain the matched points in the mask over the live cineangiograms using the local optical flow method. Since the local optical flow cannot accurately estimate the matched points in weak texture regions, most non-uniform illumination cannot be removed.
Another kind of subtraction-based methods refers to the layer separation. Robust principal component analysis, and related variants, are also utilized to realize the background separation in the cineangiograms [5] , [23] . By assuming the cineangiogram is comprised of low rank and sparse layers, a target function is gradually optimized across a cineangiograms sequence to obtain optimal sparse layers. The sparse layer of each cineangiogram in the sequences represents a subtraction image. Comparing with the methods directly processing the live cineangiogram, subtraction-based methods can remove substantial background noise while maintaining accurate vascular information. However, the deformed mask cineangiogram cannot reflect the exact background of the live cineangiogram, which limits the ability of denoising. On the other hand, subtraction based methods also suffer from the limitation of adequately selecting the mask frame and updating it as it becomes obsolete (e.g., due to patient or table motion). Motion artifacts [24] can lead to spurious features being created in the subtraction image that can lead to misdiagnosis or clutter the vasculature of interest with unwanted features.
For the single-frame based background removal methods, morphological closure [25] or top-hat filtering [26] has been utilized. However, considering the multi-structures co-exist in the angiogram, the non-vascular structures cannot be removed completely. Unberath et al. [27] - [29] generated binary segmentation masks by merging the responses of the vesselness-and Kollerfiltering, and utilized patch-wised spectral inpainting to fill the segmented pixels to compute the virtual mask cineangiograms. The final enhanced vascular image was obtained by subtracting the virtual mask from the original live cineangiograms. To accurately compute the virtual mask when large areas need to be inpainted, Unberath et al. [30] again trained a U-net to estimate the virtual mask. When the vessels are overlapped with the diaphragm, lung tissues or vertebral bodies, the inpainted vascular region can be cluttered by the structures.
III. METHODOLOGY
The flowchart of the proposed PABSM is illustrated in Fig. 1 . In this method, vascular detection is utilized to detect the pixels that belong to the vascular structures and generate a defect image that can reveal the unknown region. Background synthesis is exploited to obtain a virtual background which is very similar to the real mask cineangiogram. The final subtraction cineangiogram, that contains the vascular structures with high contrast, is computed by subtracting the virtual background from the original cineangiogram.
A. Pixel Description
To improve the accuracy of vascular detection, the pixels in the cineangiogram should be described by feature vectors. Before the feature extraction, based on the sparseness property of gradient probability distributions [31] , the non-uniform intensity distribution in the cineangiograms is firstly corrected and the vascular information can also be preserved. In the corrected image I, we denote the kth pixel centered image patch as P k . Two kinds of features are extracted for describing the center pixel in the image patch based on the vesselness and Gabor features.
The vesselness map V(P k ) of an image patch [11] is computed to distinguish blob-like structures and suppress background noise:
where V k (e 1 ) is the vesselness map of kth image patch at scale e 1 . Then, the center pixel of the kth image patch can be described by the mean and standard deviation values of the vesselness map:
where mean(·) is the mean of V(P k ); std(·) is the standard deviation of V(P k ).
To make the vascular detection invariant to rotation, scaling and translation transformations, and to improve the robustness against photometric variations, Gabor filters [32] are also applied to image patches as: G e 2 ,m (P k ) = P k * G e 2 ,m , e 2 = 1, . . . , E 2 ; m = 1, . . . , M,
where G e 2 ,m (P k ) is the filtered patch by the Gabor filter G e 2 ,m ; m represents the orientation of the normal to the parallel stripes of a Gabor function; * refers to the convolution. The center pixel of the kth patch can be described by the mean and standard deviation values of G e 2 ,m (P k ):
Till now, the center pixel of each image patch is described by a feature vector with 2 × (e 2 × m + 1) dimension, which is denoted as f k .
To reduce the computation load of subsequent classification on a live cineangiogram, the key points (KPS) are extracted. In extracting KPS, the cineangiogram is initially enhanced by a vesselness filter [11] . Then, for each pixel in the enhanced cineangiogram, the eigenvalue λ 1 of the Hessian matrix is computed and the corresponding eigenvector ν 1 is along the tangential direction of the vascular centerline. Considering Xiao et al. [33] has demonstrated that the pixels belong to a tubular structure when eigenvalue λ 1 < 0, we compute the largest connected region of pixels whose eigenvalue λ 1 < 0. In addition, the pixels in the obtained region comprise the KPS. Fig. 2 . shows the example of the extracted KPS in the cineangiograms.
B. Vascular Region Detection
Since the KPS contain large amounts of non-vascular pixels, probabilistic boosting tree (PBT) [34] is utilized to distinguish the non-vascular pixels. PBT is a tree-like classifier with Adaboost [35] as node classifier. In training PBT, We describe the training set as
where w k is the weight of f k , and k w k = 1, K is the number of f k in the training set. The training set is divided into two child nodes from the current node according to the following principle:
where n lef t and n rig ht represent the left and right child nodes of the current node; q(+1|f k ) and q(−1|f k ) are the probabilities of the feature vector f k after the Adaboost classification in node; l k is the label of training pixels; l k = 1 corresponds to the pixels of vessels while l k = −1 to the pixels of background; ε is utilized to control the over-fitting of the classification. In each level, {w k } are normalized. Eq. 5 is repeated if the depth of the tree is un-reached or the errors of the classifier in the nodes are within a threshold value. For a test feature, the posterior probabilityq(l k |f k ) of f k can be computed as [34] :
where q(l 1,k |f k ) and q(l h,k |l h−1,k , . . . , l 1,k , f k ) are the computed probability by the classifier of the nodes in the first and next hth level. Thereafter the label l k of f k is decided by the threshold value ζ, as follows:
For a live cineangiogram, after finishing the classification of the pixels, we obtained a vascular binary image. However, some pixels distributed near the vascular boundary or with small diameters may also be misclassified as background noise. Hence, after finding the largest connection region in the binary image, the binary image is dilated to include the vascular boundary and missed region in the vessels. The final defect image I 1 is obtained by removing the dilated vascular regions from I.
C. Patch-Based Background Synthesis and Subtraction
We regard the non-vascular region in I 1 as the known region while the removed vascular region as unknown regions. Background synthesis is to compute a virtual mask cineangiogram by filling the unknown region by the patches in the known region. By subtracting the virtual mask cineangiogram from the original live cineangiogram, the vascular structures can be enhanced. Since much weak texture region, ribs and diaphragm exist in the cineangiogram, the background synthesis should ensure the continuity of gray values within these structures. To ensure the continuity of gray values in the weak texture regions, the energy of the histogram differences (EHD) is utilized to compute the difference of gray values of the patches in the known and unknown regions. To improve the continuity of edges, the edge difference between the patches in the known and unknown regions is regarded as the second constraint. In the optimization of the background synthesis, the optimal matching patches in the unknown region may occur in different region of cineangiogram. To avoid searching for the patches which have large difference with the patches in the unknown regions, the neighbor-region-searching is the third constraint. It can also improve the time efficiency. Hence, the background synthesis of computing I 2 takes the form:
whereΩ is the pixel indices of the unknown region in I 1 . Here, t u = (t x u , t y u , 1) is the homogeneous center coordinates of the target in the unknown region, and s u = (s x u , s y u , 1) is the homogeneous center coordinates of a source patch in the known region. H u (·) represents the transformation for the matched source patch to smooth the filled unknown region. We assume this transformation is affine in this paper. The weight values ω 1 , ω 2 and ω 3 are utilized to balance each function E 1 (·), E 2 (·) and E 3 (·), and ω 1 + ω 2 + ω 3 = 1. E 1 (·) represents the intensity difference between the transformed source patch and the target patch to measure their similarities:
where dx and dy are the offsets of pixels in the (s x u , s y u )-centered patch; z ∈ [−Z, Z] is the intensity distribution of the difference of the transformed patch and the target patch; N is the number of pixels in the patches; δ(·) is a sign function. E 2 (·) describes the difference of the edge map between the transformed source patch and the target patch, which is:
where d(·) refers to the edge value. In the estimation of the edge map of I 1 , a four-order Sobel operator is applied to I 1 . By setting the edge of the pixels belong to the unknown region in I 1 as 0, the edge map is computed. Fig. 3 shows the extracted edge of Fig. 2(B1) and (B2). E 3 (·) is utilized to constrain the search space to the neighbor regions of t u , and is expressed as follows [36] :
where γ(t u ) is the squared distance between t u and the border of the known region. τ is a constant to adjust the strength of the proximity constraint. Eq. (8) is optimized by the random location sampling in the PatchMatch algorithm [37] . And the sampling range is restricted in the neighbor region of the unknown regions. The adaptive background I 2 is finally synthesized by filling the target patch in the unknown region of I 1 . Fig. 4 shows the example including the original cineangiogram I, defect image I 1 and the synthesized background I 2 .
The difference between the original cineangiogram I, and the adaptive background image I 2 can effectively remove the background structures and extract vascular structures. Hence, according to the X-ray imaging principle [38] , the subtraction image can be computed as follows:
Since the difference of vascular structures in I 3 between the vessels and background is greatly reduced after the subtraction, linear mapping is then utilized to improve the visualization of vessels by computing a linear transformation matrix. The matrix is calculated by transforming the minimum and maximum range to a specific output range. 
D. Implementation Details
The algorithm for PABSM can be summarized as the following pseudocode (Table I) .
IV. EXPERIMENT
A. Datasets 1) Phantom Data: To evaluate the proposed PABSM quantitatively, we perform the simulation of live cineangiograms based on the XCAT [39] . We simulate the 3D volume data with and without the non-vascular structures. The cineangiograms are computed by a perspective projection model [40] . The cineangiograms only with vascular structures can be regarded as the ground truth of vessels in the cineangiograms that contain non-vascular structures to enable the evaluation of vascular enhancement. The source-to-detector and source-to-isocenter distances are set as 1100 mm and 780 mm, respectively. Each cineangiogram has 450 × 450 pixels with a resolution of 0.3 × 0.3 mm.
2) Clinical Data: The proposed method was evaluated on a database of cineangiograms collected from an on-going coronary artery study in collaboration with the Peking Union Medical College Hospital. The database is divided into two data sets: (1) classifier accuracy evaluation dataset (C-AED) and (2) PABSM accuracy evaluation dataset (PABSM-AED). Each cineangiogram has a size of 512 × 512 pixels and the resolution is 0.3 × 0.3 mm.
C-AED contains 290 images with 145 left and 145 right coronary cineangiograms, and is utilized for the accuracy evaluation of the classifier PBT. The data set is from 145 patients; for each patient, two cineangiograms at different cardiac phases are selected. For each cineangiogram, an interventional cardiologist with 15 years of experience in interventional radiology roughly annotated vascular boundaries. The interior of the annotated area is the vascular region, whereas the exterior area is the non-vascular region. We use a skeleton thinning method to acquire the centerline in the vascular region. The points belong to the centerline are the center of the extracted vascular patches from the cineangiograms. To extract the image patches of non-vascular regions, the vascular region is dilated by an element size of 7 × 7 pixels. Points between the image border and the boundary 7 pixels away from the edge of the dilated regions are sampled as the center of the extracted non-vascular patches. A total of 517,490 patches are extracted consisting of 199,800 vascular patches, and 317,690 non-vascular patches.
PABSM-AED includes 30 live and 30 mask cineangiograms from different patients, with 19 left and 11 right coronary arteries. For each patient, a mask and a live cineangiogram are selected. For each live cineangiogram, the ground truth was detailed annotated by an interventional cardiologist with 15 years of experience in coronary artery disease. For each mask cineangiogram, the labeled regions in the live cineangiograms are removed from the corresponding mask cineangiograms. Labeled mask cineangiograms in PABSM-AED are utilized to evaluate the proposed background synthesis. While the live cineangiograms in PABSM-AED are utilized to evaluate the performance of the proposed PABSM. For each live cineangiogram in the dataset, to improve the time efficiency and accuracy of the classification, KPS are initially extracted before the classification. The corresponding patches of the KPS are generated by regarding the KPS as the center pixel. Fig. 5 shows several ground truth in PABSM-AED.
B. Experiment Design

10-fold cross validation is performed to evaluate the classifier:
the training and test cycles are repeated 10 times, and in each iteration, 465,741 and 51,749 patches comprise the training and test sets, respectively. Next, the obtained classifier is applied to the live cineangiograms in PABSM-AED to detect the vascular region. To evaluate the effectiveness of KPS extraction, we will qualitatively compare the subtraction results with and without KPS.
The proposed patch-based background synthesis method will be compared with the spectral based method (SBM) [28] using the mask cineangiograms in PABSM-AED. We also conduct a series of experiments to evaluate the influence of parameters ω 1 , ω 2 and ω 3 to the accuracy of background synthesis. The Structural Similarity (SSIM) and Root-Mean-Square Error (RMSE) are utilized to compare the synthesized backgrounds with the original mask cineangiograms.
The proposed PABSM will be compared with method, namely, line-based [41] , local phase-based [16] and BCOSFIRE-based methods [13] (LBM, LPBM, and BBM) on both of the phantom data and clinical data. The aim is to evaluate the preservation of local structures. Since PABSM is inspired from the subtraction-based methods, PABSM will also be compared with methods, namely, multi-resolution registration-based method (MRRBM) [42] , motion coherency constraint-based method (MCCBM) [23] and stochastic optimization-based method (SOBM) [5] . The precision-recall curve is utilized to quantitatively evaluate the preservation of vascular structures in the images obtained by the methods, namely, LBM, LPBM, BBM, MRRBM, MCCBM, SOBM and the proposed PABSM, on clinical data. The precision and recall ratios are computed using the following equations, respectively:
where tp, f p, f n indicate true positive (correctly identified vessel pixels), false positive (incorrectly identified vessel pixels), and false negative (incorrectly identified background pixels), respectively. In addition, we also compute C-value to denote the contrast between the target structure and background noise. C-value is computed using the following equation:
where F and B represent the average gray value of the target structure and background region, respectively. MRRBM requires a mask and a live cineangiograms which have the most similar cardio-respiratory motion. MRRBM is re-implemented in strict accordance with the original paper. MCCBM utilizes structural connectivity and robust principal component analysis (RPCA) to extract a rough vascular layer. Then trajectory decomposition is employed to obtain an accurate vascular layer. SOBM utilizes a morphological operator to obtain a rough vascular layer. Then online RPCA is utilized to separate the rough vascular layer into a static layer and an accurate vascular layer. We achieve MCCBM 1 and SOBM 2 using available public implementations. MCCBM and SOBM are both applied in a cineangiographic sequence. SOBM is online while MCCBM is not.
C. Results
All the algorithms were implemented in C++ under the Ubuntu environment, and all the experiments were conducted An overview of the parameters in the proposed PABSM is given in Table II . The scales of the pixel description are set according to the vascular diameters. The directions of Gabor filter in pixel description ensure the possible vascular directions. Parameter ε in the classification is decided by the overlapping range of the computed probability of vascular and non-vascular patches in the first node of the classifier. The weight values in the background synthesis are optimal on the mask cineangiograms from the same sequence in PABSM-AED.
1) Evaluation of the Classifier: All experiments for the classifier evaluation are realized either over the full training or test sets. The average training accuracy of the 10-fold cross validation is 96.55% ± 0.06%, and the test accuracy is 92.52% ± 0.72%. The training accuracy of the 10-fold cross validation only on vesselness features is 76.38% ± 0.14%, and the test accuracy is 80.13% ± 2.13%. The training accuracy of the 10fold cross validation only on Gabor features is 94.12% ± 0.08%, and the test accuracy is 85.23% ± 0.85%. The classifier based on both of vesselness and Gabor features has better ability to distinguish the vascular and non-vascular regions. Fig. 6 shows an example of the enhancement results using the PABSM when a randomly selected image from PABSM-AED is classified using APS and KPS. Fig. 6 (B) exhibits that APS tend to misclassify the pixels around the vascular boundary as vessels. For the KPS classification result (see Fig. 6(B) ), the pixels around the vascular boundary are mostly removed and the vessels of the different scales are preserved, enabling the vessels to considerably stand out from the background. The enhancement results derived from the APS-and KPS-based classification are shown in Figs. 6(C), (E). As expected, numerous non-vascular structures are removed by the KPS-based 3 . classification. The PABSM ensures the accurate enhancement of the boundary.
2) Evaluation of the Background Synthesis:
Considering that E 3 (·) is utilized to constrain the search space to the neighbor regions of unknown patch, Table III shows the RMSE and SSIM of the synthesized background when ω 3 varies from 0 to 0.9. Meanwhile, the time of background synthesis are also shown in Table III to evaluate the influence of ω 3 to the time efficiency of background synthesis. As can be seen from Table III , the RMSE and SSIM are not influenced by ω 3 . And when ω 3 = 0.1, the time efficiency of background synthesis is the highest. By setting ω 3 as 0.1, Figs. 7 and 8 shows the RSME and SSIM when ω 1 and ω 2 vary. As can be seen from the figures, RMSE and SSIM are optimal when ω 1 = 0.85, ω 2 = 0.05, and both of RMSE and SSIM decrease when ω 2 increases. In addition, Table IV shows RMSE and SSIM when the patch size varies from 7 × 7 to 15 × 15 in the background synthesis. When the patch size is 9 × 9, both of RMSE and SSIM are optimal. Fig. 9 shows the comparison results of the proposed method with SBM. SBM cannot ensure the intensity continuity. The proposed method can obtain the synthesized background with continuity intensity and edge. Table V shows the quantitative comparison results by the two background synthesis methods. The values of SSIM and RMSE of the proposed method are all better than SBM. It indicates that the proposed background synthesis method can effectively restore the background.
3) Evaluation of the Proposed PABSM: Fig. 10 shows the enhancement results by the proposed PABSM on the phantom data. PABSM can effectively remove the non-vascular structures and preserve the vascular structures. Fig. 11 shows the precision-recall curves by methods, namely, LBM, LPBM, BBM and PABSM. According to the order of LBM, LPBM, BBM and PABSM, the areas under the precision-recall curve are 0.0495, 0.5987, 0.0301 and 0.8806. As can be seen from Fig. 11 , PABSM can obtain a high segmentation accuracy. Fig. 12 shows the enhancement results of three left coronary arteries and three right coronary arteries. The cineangiograms in Fig. 12 are collected from different cardiac phases of various patients. Figs. 12(B1-B6) show that PBT can extract the vascular regions from different cineangiograms and suppress the background noise. The patch-based background subtraction results are unconstrained by the distribution and location of the vascular network (see Figs. 12(C1-C6) ). In addition, the proposed method can effectively guarantee the continuity of the vessels with their surrounding neighborhood regions. Figs. 12(D1-D6) show that the enhanced vessels preserve the information of the vascular bifurcations, branches, and vascular boundary. The region contains the overflow of contrast agent is substantially reduced or eliminated. Therefore, PABSM is robust for the enhancement of the cineangiograms with different vascular structures. Fig. 13 shows the comparison results of the proposed PABSM with another three up-to-date methods, namely, LBM, LPBM and BBM. Fig. 13(a) shows two randomly selected cineangiograms from PABSM-AED, which contain the right and left coronary arteries, respectively. For PABSM, the vascular detection removes most non-vascular pixels. And the dilation of the detected region includes the local structures of vessels. After synthesizing the background, the gray values in the detected vascular regions present large difference with the values in the original cineangiogram. Hence, the proposed PABSM can provides the best results in suppressing the background noise, and preserving the detailed structures and contrast of the vessels in the images. For the other three methods, namely, LBM, LPBM and BBM, the enlarged details of the right coronary artery affirm that the original vascular structures are destroyed when intersecting, overlapping, and shortening are present for the vascular branches. The enhanced vessels appear to have blurred boundaries, possibly leading to the incorrect estimation of the vascular diameters. The enlarged details of the left coronary artery validate that the vascular edges cause serious deformation, blur, or interruption when the distance of the branches is short. In addition, LBM is sensitive to the gray value variation in the boundary of the vessels and engenders large deformations in the vascular bifurcation. Fig. 14 shows the comparison of PABSM with another three up-to-date methods, namely, MRRBM, MCCBM and SOBM. The regions with overlay vascular segments are enlarged in both images from the first column. In the first row of Fig. 14, as can be seen from the results by MRRBM, the regions of catheter and intersection of vessels and diaphragm, heart border is blurred. In addition, the contrast of vessels is low. Moreover, the subtraction results by MCCBM method present serious fracture in the heart border. Meanwhile, in the corresponding enlarged views by both MCCBM and SOBM methods, the diameters in the local overlay segments have been changed due to the artifacts. In the enlarged views of the images in the third row, local vascular segments also present non-continuity due to the artifacts. In addition, since the subtraction methods conducted on sequences cannot clean the non-vascular regions, the vessels with small diameters may not be visualized or are discontiguous. As for PABSM, the gray values of the synthesized background differ with the original cineangiograms in the vascular region, the local vascular structures are preserved.
To quantitatively compare the proposed PABSM with another six methods, namely LBM, LPBM, BBM, MRRBM, MCCBM and SOBM, we compute the precision-recall curves by segmenting the enhancement or subtraction results by different threshold values, as shown in Fig. 15 . The figure reflects the quality of the threshold segmentation of different methods. According to the order of LBM, LPBM, BBM, MRRBM, MCCBM, SOBM and PABSM, the areas under the precision-recall curves of different methods are 0.0384, 0.3701, 0.4254, 0.2936, 0.4523, 0.5397 and 0.7133, respectively. The curve of PABSM is in the most upper-right part of the precision-curve space, which indicates that high segmentation quality. In addition, the position of the curve shows that PABSM effectively improves the contrast of vessels. Fig. 16 shows that for the 30 cineangiograms in dataset PABSM-AED, the mean and standard deviation of the Cvalue of LBM, LPBM, BBM, MRRBM, MCCBM, SOBM and PABSM are 0.8236 ± 0.0284, 0.7109 ± 0.0314, 0.6734 ± 0.0327, 0.5567 ± 0.0178, 0.3727 ± 0.0169, 0.1329 ± 0.0319, 0.1995 ± 0.0359, 0.2328 ± 0.0146 and 0.9659 ± 0.0185, respectively. PABSM presents a high comparative advantage, where most background noises can be removed and the vascular structures are effectively preserved.
V. DISCUSSION
In this manuscript, we proposed a novel and robust patchbased adaptive background subtraction method for vascular enhancement and demonstrated its application in cineangiography. The classification was firstly validated by using a C-AED dataset containing 290 frames from 145 patients. The proposed subtraction method was then validated by using a PABSM-AED dataset containing 30 frames from 30 patients. In the validation of classification, we conducted 10-fold cross validation and obtained 96.55% ± 0.06% for training sets and 92.52% ± 0.72% for test sets. In the validation of the performance of the proposed PABSM, we obtained the area under precision-recall curve of 0.7133, and C-value of 0.9659.
For the validation of vascular enhancement performance, a comparative quantitative validation method was performed on all PABSM-AED dataset. The purpose was to determine whether the proposed technique is superior to previously developed LBM, LPBM, BBM, MRRBM, MCCBM, and SOBM. Since in the classification process, the positive sets are constructed by extracting the point-on-centerline centered patches, the classification causes under-segmentation. However, the background synthesis is based on patching method and realized after the dilation of the classification. Hence, this synthesis procedure also patches the pixels around the boundaries of the dilated vascular regions. Since the boundaries are very close to the vessels, the gray values around the boundaries present large difference with the values in the same positions in the original cineangiogram. After subtracting the background from the original cineangiogram, the vessels will be enhanced precisely. For LBM, the variation of the length of line detections may merge close vessels, produce false responses at vessel crossovers and introduce much more noise [43] . In LPBM and BBM, morphological filters are utilized, which do not make use of unknown cross-sectional shape information or of overly long structure elements that do not handle well tortuous vessels [6] . As for MRRBM, when the motion within neighboring regions is not consistent, the deformation field computed from mask cineangiogram will cause large motion artifacts. MCCBM and SOBM are sensitive to motion artifacts caused by cardiorespiratory motion in the imaging procedure.
For the live cineangiograms in the PABSM-AED, the mean and standard deviation of the runtime are 2213 ± 940.59 s. PABSM can be divided into two parts, one is the time to compute I 1 , the other one is the time to compute I 3 . The mean and standard variation of the first time is 2202 ± 935.72 s. And the mean and standard variation of the second time is 12.23 ± 3.00 s. In computing I 1 , we need to compute the feature of each pixel which leads to a low time efficiency.
The limitation and challenges are as follows: First, for each cineangiogram, the vascular detection is based on machine learning which needs to compute the feature vectors of large amounts of patches. The situation results in the low time efficiency. It is impossible to apply the subtraction method in the intra-operation. Since CNN network-based method can realize accurate vascular detection with a high time efficiency [44] , an extension will be considered to detect vessels in cineangiograms by a CNN network-based method in our future work.
Second, the proposed background synthesis method requires the positions of unknown regions in advance. When the vascular segments are not classified, they cannot appear in the final subtraction cineangiogram. Hence, the vascular structures in the subtraction cineangiogram may appear fractures or missing of small-scale vascular segments. Hence, blind inpainting without knowing the vascular region should be considered for future work.
Third, considering that the proposed background synthesis is based on patches, sufficient information related to the edges is very limited. When the unknown region is large, the continuity of synthesized regions cannot be ensured. Hence, background synthesis based on deep learning should be also considered for future work.
Fourth, since the comparative methods are based on reimplementations on our datasets, the man-made bias of the results will be caused. But the comparison experiments can still validate the effectiveness of the proposed method to a certain extent.
VI. CONCLUSION
In summary, we proposed an automatically vascular subtraction method only based on a single live cineangiogram. Unlike previous enhancement methods, our technique can effectively preserve the integrity of vascular topological structures, particularly in complex vascular regions, such as at vascular bifurcations, intersections, and crossings. PABSM is able to remove noise caused by the non-uniform gray level distribution in the cineangiogram. PABSM is also automatic and can enhance coronary cineangiograms to diagnose and treat coronary artery diseases. In future work, a convolutional neural network-based framework will be used to realize the vascular dection and background synthesis. In this framework, both of the time efficiency and accuracy will be improved.
